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Background—Understanding geographic variation in youth drug use is important for both 
identifying etiologic factors and planning prevention interventions. However, little research has 
examined spatial clustering of drug use among youth using rigorous statistical methods.
Objectives—The purpose of this study is to examine spatial clustering of youth use of tobacco, 
alcohol, and marijuana.
Methods—Responses on tobacco, alcohol, and marijuana use from 1,292 high school students 
ages 13-19 who provided complete residential addresses were drawn from the 2008 Boston Youth 
Survey Geospatial Dataset. Response options on past month use included “none”, “1-2”, “3-9”, 
and “10 or more”. The response rate for each substance was approximately 94%. Spatial clustering 
of youth drug use was assessed using the spatial Bernoulli model in the SatScan™ software 
package.
Results—Approximately 12%, 36%, and 18% of youth reported any past-month use of tobacco, 
alcohol, and/or marijuana, respectively. Two clusters of elevated past tobacco use among Boston 
youths were generated, one of which was statistically significant. This cluster, located in the South 
Boston neighborhood, had a relative risk of 5.37 with a p-value of 0.00014. There was no 
significant localized spatial clustering in youth past alcohol or marijuana use in either the 
unadjusted or adjusted models.
Conclusion—Significant spatial clustering in youth tobacco use was found, and this type of 
research can be used for local targeting of drug abuse prevention interventions. Finding a 
significant cluster in the South Boston neighborhood provides reason for further investigation into 
neighborhood characteristics that may shape adolescents’ substance use behaviors. Future research 
should evaluate the underlying reasons behind spatial clustering of youth substance use.
Introduction
During adolescence, drug use is associated with increased risk for substance use disorders, 
as well as other health and social problems (e.g., poor school performance) including 
sexually transmitted infections (e.g., HIV) (1-5). Research also suggests that behaviors 
developed in adolescence, such as drug use, are often continued into adulthood (6-9).
Historically, understanding and promoting healthy behaviors in youth and other populations 
has focused on individual-level variables, such as age and gender. It is increasingly 
recognized that contextual neighborhood factors play a role in healthy behaviors, including 
drug use. Since Tobler’s First Law of Geography (“everything is related to everything else, 
but near things are more related than distant things”) was first articulated over 40 years ago 
(10), spatial statistics has developed strong ties to public health research and practice, and it 
continues to be an area of very active investigation (11). One methodological application of 
spatial statistics in public health is the identification of disease clusters. Examining spatial 
patterns in health-related outcomes (such as cancer) can help researchers and policymakers 
understand and intervene in certain neighborhoods or other types of locations (12). For 
example, if there is a cluster of cancer, researchers can examine environmental factors that 
might be linked to increased cancer rates in a certain geographic area. A relatively large 
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amount of research has examined spatial patterns in diseases such as cancer. In contrast, only 
recently have researchers begun to examine spatial patterns of other health-related factors 
such as obesity and tobacco use. Understanding geographic variation of youth drug use is 
important for prevention interventions and can also elucidate potential etiologic factors, 
especially at the neighborhood level. For example, if alcohol and marijuana use cluster 
spatially, then prevention specialists (e.g., intervention scientists) can target those 
neighborhoods.
Relatively few studies have examined spatial patterning of drug use as opposed to related 
factors (e.g., crime, built environment features), and even fewer have focused on spatial 
clustering of drug use by means of statistical methods. The existing research has notable but 
addressable limitations, which this study begins to address. First, the vast majority of 
research conducted on spatial patterns in drug use is largely limited to adult samples. 
Although studies on youth populations and spatial clustering of drug use behavior remain 
rare, some studies have been conducted (13-16). For example, McVie and Norris (2006) 
mapped youth use of illicit drugs and cannabis throughout Edinburgh, Scotland, and 
Généreux and colleagues (2012) assessed clusters of smoking behaviors in residents over 
age 15 in Montréal, Canada. Similarly, Chaney and Rojas-Guyler (2015) examined and 
found spatial patterns of adolescent use of alcohol, tobacco, and marijuana across the five-
county Cincinnati, Ohio region. Second, most of this work on spatial patterns in drug use has 
not used spatial statistics. Instead, most work conducted on spatial patterns in drug use 
among adults employ simple visualization methods that are unable to clearly identify 
statistically significant spatial clusters because they rely on “eyeballing” rather than a 
rigorous statistical test to identify spatial clusters (17-22). In addition, visualization methods 
do not allow the researcher to adjust for potential confounding variables (such as 
respondents’ age), which may lead to inaccurate conclusions. Beyond visualization methods, 
an even simpler method is to examine the prevalence of a health outcome by a geographic 
region and compare differences (e.g., urban vs. rural difference). Sreeramareddy and 
colleagues (2011), for example, found regional patterns of tobacco consumption, with rural 
areas having a higher prevalence of smoking. Third, most work on spatial patterns in drug 
use has been conducted using administrative neighborhood definitions (such as census tracts 
or ZIP codes), including the few studies that have used spatial statistics (15, 24). As an 
example, ZIP code was the geographic unit of analysis in the study conducted by Chaney 
and Rojas-Guyler (2015) that examined spatial patterns of adolescent drug use in Cincinnati, 
Ohio. Using administrative neighborhoods minimizes variation between neighborhoods, and 
empirical research has shown that such aggregation can indeed reduce the power to detect 
spatial clusters (25, 26). In addition, using administrative neighborhood definitions can 
result in spatial misclassification and make it difficult to plan more localized interventions 
(27).
This paper addresses each of the above limitations and illustrates a methodology for 
assessing local elevated drug use among youth populations. The study sample was drawn 
from high school students in Boston, Massachusetts (USA), 82% of whom were 14-17 years 
old at the time they were surveyed. We used the spatial scan statistic and the SaTScan™ 
software to detect statistically significant clusters of youth drug use while accounting for 
several covariate factors. Instead of aggregating case data into bounded administrative units, 
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we use individual-level georeferenced observations when conducting analyses, thereby 
improving the spatial accuracy and precision of identified clusters. This type of methodology 
could potentially lead to more focused and effective prevention measures dedicated to youth 
drug abuse. The objective of this study was to examine geographic variation and spatial 
clustering of youth use of tobacco, alcohol, and marijuana. In line with spatial theory and 
existing research, we hypothesized that there will be spatial patterns in youth drug use, i.e., 
spatial clusters will exist.
Methods
Data Collection and Spatial Sample
Data come from the 2008 Boston Youth Survey (BYS) Geospatial Dataset, which includes 
9th-12th grade students in the Boston Public Schools system (Boston, Massachusetts) who 
took the BYS and provided their complete residential addresses (28-30). Similar to the 
percentage of those schools included in the BYS survey (31), approximately 74% of Boston 
Public School students in the 2007-2008 academic year were eligible for free or reduced-
price meals; the same percentage of students were Black or Hispanic. Schools that served 
adults, students transitioning back to school after incarceration, suspended students, and 
students with severe disabilities were ineligible. A total of 22 public high schools in Boston 
participated in the 2008 BYS (32 schools were eligible). The primary reason for school non-
participation was scheduling difficulties. Participating and non-participating eligible schools 
did not have statistically significant differences in key school characteristics (e.g., racial/
ethnic composition of students, drop-out rates, standardized test scores, student mobility 
rate). A list of unique classrooms within each participating school was obtained to generate 
the classroom-level sample, stratified by grade. Classrooms were randomly selected for 
survey administration. Every student within the selected classrooms was invited to 
participate. Selection of classrooms continued until approximately 100-125 students had 
been sampled per school. The survey was administered to students by trained staff in the 
spring of 2008 during 50-minute class periods. Passive consent was sought from parents and 
students were read an assent statement prior to survey administration. Of the 2,725 students 
enrolled in the classrooms selected for participation, 1,878 (response rate = 68.9%) 
completed the survey. Approximately 86% of non-participants were absent from school on 
the day of survey administration. We obtained and geocoded complete address information 
to the nearest intersection from 68.8% of the students who took the survey (n = 1,292). 
There were no differences in past-month drug use behaviors (i.e., tobacco use, alcohol use 
and marijuana use) between students who provided geocodeable information and those who 
did not. The Human Subjects Committee (i.e., the institutional review board) at the Harvard 
School of Public Health reviewed and approved the original study. Further approval for the 
geospatial analysis underlying this paper was not necessary because the BYS data did not 
allow for the identification of individual respondents and because these were secondary 
analyses.
Tobacco, Alcohol and Marijuana Use
The BYS evaluated frequency of drug use. Past-month tobacco use was assessed with the 
question, “In the past 30 days, on how many days did you use tobacco, including smoking 
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cigarettes or cigars, or chewing tobacco?” Alcohol was assessed with the question, “In the 
past 30 days, on how many days did you drink alcohol?” Marijuana was assessed with the 
question, “In the past 30 days, on how many days did you use marijuana?” Response options 
for all drug use items included a) “none”, b) “1-2”, c) “3-9”, and d) “10 or more”. Item were 
adapted from the 2005 national Youth Risk Behavioral Surveillance System (YRBS) survey. 
The drug use items have demonstrated good test-retest reliability, especially past-month 
tobacco use (kappa=76.2) (32).
Statistical Analyses
Prior to conducting spatial analyses, descriptive statistics were assessed for each of the 
individual variables. To evaluate spatial clustering in youth drug use, we used spatial scan 
statistics. We examined local spatial patterns as opposed to global patterns, as local spatial 
clustering methods facilitate the identification of specific “clusters”, i.e., local spatial 
clustering methods facilitate knowing precisely where spatial clustering occurs. In other 
words, local clustering methods can directly identify regions that are significantly different 
from their “neighbors”. Spatial scan statistics (a popular method of local spatial clustering) 
does so by comparing each scan window to its k geographical neighbors (as opposed to the 
variance of all scan windows). In contrast, global spatial clustering methods merely detect 
whether or not spatial clustering is present in a given area. Because our data are at the 
individual level, and to maximize spatial resolution, we did not aggregate the data into 
administrative levels (e.g., census tracts or counties in the U.S.). Empirical research has 
shown that aggregation of spatial units can reduce the ability to detect spatial clusters (25, 
26), which is not surprising, as there can be much within-unit variation in larger spatial 
units.
To adjust for confounding during testing, several other variables from the survey were 
included as covariates: age (years), gender (male, female), and race/ethnicity (White, Black, 
Hispanic, Asian, Other). In doing so, we avoided having to remove variables from the test or 
perform operations, such as imputation, that increase the likelihood of misestimation. Tests 
were performed both with and without covariate adjustment (33). In these analyses, we used 
a three-sample strategy in which the sample size was maximized for each outcome type in 
order to increase the statistical power of the tests and minimize any bias associated with 
conducting a complete case analysis. Seventy-five students were missing data on past-month 
tobacco use, seventy-one were missing data on past-month alcohol use, and seventy-six were 
missing data on past-month marijuana use. These students were excluded from the 
respective use samples, resulting in a final sample size of 1,217 students for tobacco use, 
1,221 for alcohol use, and 1,216 for marijuana use.
We assessed for geographical areas with high rates of tobacco, alcohol, and marijuana use. 
The spatial scan statistic tests were performed using the SaTScan™ software (34). Because 
the data represents individual instances of use or abstinence, the Bernoulli model was used. 
For each substance two input files, cases and controls, were generated based on participants’ 
survey responses. The format of these files was binary in nature, with respondents who 
answered b) “1-2”, c) “3-9”, and d) “10 or more” times to past 30 day use being assigned 
values of 1 in the case files and 0 in the control files, while respondents who answered a) 
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“none”, to past use were assigned values of 0 in the case files and 1 in the control files. 
Location data, in the form of geographic coordinates for each participant was also required. 
SaTScan™ assessed the patterns of past substance use for spatial clustering by imposing a 
circular window centered on each observation. The radius of this circle was continuously 
increased in size in order to analyze clusters of different sizes with different sets of 
neighboring data locations within them. Each of the circles at each observation is a potential 
cluster (34).
When using the Bernoulli model, SaTScan™ tests the null hypothesis of constant risk of 
usage throughout the study area with the alternative hypothesis that there is elevated risk 
within the circular window as compared to outside of it, e.g. a high proportion of cases. This 
assessment is made using a likelihood ratio test, and under the Bernoulli model this 
likelihood function is equal to the following equation:
Here, C is the total number of cases, c is the number of observed cases located within the 
test window, N is equal to the combined total of cases and controls in the data set, and n is 
equal to the number of cases on controls inside the test window. I () is an indicator function 
equal to 1 for each window (34).
These analyses produced clustering results for tobacco, alcohol, and marijuana based solely 
on the case-control data. In order to adjust for covariates with the Bernoulli model we used 
the multiple data set function available in SaTScan™. This function requires separate case 
and control files for each discrete covariate category used in the analysis, but is limited to a 
total of 12 categories. To meet these requirements we maintained two groups for gender – 
male and female, and created 2 groups for age – 13-17 year olds and 18-19 year olds, and 
three groups for race/ethnicity – White, Black/Hispanic, and Asian/Other, for a total of 12 
categories (e.g., 13-17 year old White males). When using multiple data sets SaTScan™ 
calculated the log likelihood ratio for each of the 12 data sets in each circular scan window. 
Any log likelihood ratio for data sets with less than the expected number of cases in the scan 
window were multiplied by negative one. To get the overall log likelihood for a scan window 
the individual log likelihood ratios for each category were then summed (34).
In both the unadjusted and adjusted analyses SaTScan™ identified the most likely cluster 
(i.e., that with the highest likelihood ratio test statistic) and additional secondary clusters. 
Each test performed scanned for areas of high values, or elevated risk. To reduce redundant 
results clusters whose center were within the boundary of a more likely cluster were not 
reported. The significance of these clusters was determined using a Monte Carlo simulation 
consisting of 999 random replications. For each cluster generated without covariate 
adjustment, the number of observed cases and expected cases, relative risk, and p-value were 
reported. For clusters generated using covariate adjustment only the p-value associated with 
the overall results of the combined categories was reported. These results were mapped 
using ArcGIS software (ESRI, Redlands, CA).
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Approximately 12% of youth reported any past-month tobacco use, while approximately 
36% and 18% of youth reported any past-month alcohol and marijuana use, respectively.
Table 1 presents the proportion of respondents reporting positive substance use by 
demographic variables and the associated 95% confidence interval. Certain patterns exist 
across all of the substances. As age increases past use of both alcohol and marijuana 
increases by approximately 15%, while past use of tobacco remains relatively stable. 
Approximately 6% more males than females reported past use of tobacco and marijuana, but 
this difference falls to 2% for past alcohol use. White respondents reported the highest past 
use and Asian respondents the lowest past use for all three substances. The largest difference 
in reported past use was associated with tobacco. Twice as many white respondents reported 
past tobacco use than respondents in the next highest category (Table 1).
Spatial Scan Statistics
Using the Bernoulli method, SaTScan™ generated a number of spatial clusters illustrating 
alcohol, marijuana, and tobacco use among Boston youths while using both the case-control 
data by itself and when controlling for the age, gender, and race/ethnicity. These clusters are 
presented by substance and in order of likelihood. In each analysis Cluster 1 is the most 
likely cluster.
Tobacco—SaTScan™ generated two clusters (see Table 2 and Figure 1) of elevated past 
tobacco use among Boston youths. Of these, Cluster 1 was statistically significant. Located 
in the South Boston neighborhood, the relative risk (RR) for this cluster was 5.37 with a p-
value of 0.00014.
One statistically significant cluster, Cluster 1 (p-value of 0.035) and six non-significant 
potential clusters (see Table 3 and Figure 2) were identified by scanning for tobacco use 
when controlling for covariates.
Alcohol—Using only the case-control data, SaTScan™ generated six non-significant 
potential clusters (see Table 4) for alcohol use.
Six non-significant potential clusters (see Table 5) for past alcohol use were generated when 
controlling for covariates.
Marijuana—When strictly analyzing case-control data of youth past marijuana use in 
Boston, SaTScan™ generated two non-significant potential clusters (see Table 6).
When controlling for age, gender, and race/ethnicity three non-significant potential clusters 
of youth marijuana use were identified (see Table 7).
Overall, we found no significant localized spatial clustering in youth past alcohol or 
marijuana use in either the unadjusted or adjusted models. However, we found significant 
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localized spatial clustering in youth past tobacco use, highlighting locations of elevated 
youth substance use with both case-control data alone and covariate adjustment.
Discussion
In this study, we examined spatial clustering of youth use of tobacco, alcohol, and marijuana 
among high school students in Boston, Massachusetts. The results show that there is 
elevated use of tobacco use among the youth population in certain areas of Boston, and they 
indicate that the spatial clustering of these elevated risk behaviors is largely concentrated in 
south/southeast Boston. When using only case data, and when controlling for age, gender, 
race/ethnicity, and missing indicator variables, the most likely significant clusters for 
tobacco use were spatially stable. In these analyses, the most likely cluster appeared in 
approximately the same position and covered approximately the same area. Rarely have 
studies used the Bernoulli method with covariate adjustments, further highlighting the 
novelty of the current study.
It is difficult to compare our results with others, as we aware of only one study evaluating 
spatial clustering of tobacco use in a population containing youth (15) and none examining 
alcohol and marijuana use; however, some related work with has been conducted in this 
area. Généreux and colleagues (2012) assessed spatial differences in smoking between 2003 
and 2009 based on social inequality in Montréal, Canada among residents 15 years or older 
using the Local Moran’s I test. As the data for each age group in the study were aggregated 
to the boundaries of local community service centers, it is not possible to compare our 
results to the youth included in this study; however, education level and income were 
identified as important factors impacting smoking behaviors. McVie and Norris (2006) 
mapped youth use of illicit drugs and cannabis among 16 year-olds throughout Edinburgh, 
Scotland. They used a visualization method and performed regression models to assess the 
impact of neighborhood-level factors on substance use. Their results indicate that youth 
illicit drug use was increased in areas of high recorded street crime, and that youth cannabis 
use was higher in locations with economic prosperity and/or younger, more mobile 
populations.
What, then, accounts for the spatial patterns observed in this study? Spatial clustering in an 
attribute (e.g., drug use) can occur due to a spatial interaction (true contagion) or a spatial 
reaction to a common feature (apparent contagion). Research suggests that one’s social 
network can influence one’s patterns of smoking and use of other drugs (35-37), which is an 
example of true contagion. This finding has been found among adolescents, whose 
likelihood of smoking, drinking alcohol, and/or using illicit drugs including marijuana rises 
with the prevalence of substance use in their friend group and social network (38-40). This 
may be a factor contributing to the spatial patterns in tobacco use observed in our study. 
However, in addition to social networks, characteristics of the neighborhood environment 
(apparent contagion) in which substance use takes place may play an important role in 
shaping patterns of drug use (as briefly discussed). Neighborhood environments with high 
rates of neighborhood poverty have been found to be associated with higher prevalence of 
drug use (41, 42). Residents of such disadvantaged neighborhood environments have 
elevated risk of exposure to a broad range of psychosocial stressors. Animal and human 
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studies have found that chronic stress early in life and during early adulthood predicts 
alcohol and drug dependence in later adulthood (43-45). High rates of neighborhood 
violence, physical disorder (e.g., broken windows, vandalism, liter, empty alcohol 
containers), and social disorder (e.g., alcohol use, prostitution, drug addiction), especially 
within urban areas, are also associated with elevated rates of drug use (46-50). Several 
studies have shown that such neighborhood characteristics shape adolescents’ substance use 
behaviors, including the initiation of alcohol and marijuana use during adolescence (40, 41, 
46, 48). Reboussin and colleagues (2014) examined the relationship between urban 
neighborhood environments and marijuana use during high school among African American 
youth. Through a longitudinal survey study conducted in Baltimore, MD, they found that 
urban neighborhoods with increased drug activity, violence, and neighborhood disorder 
heightened the likelihood of youth either starting to use, or increasing their use, of 
marijuana. In one recent study using data from Monitoring the Future, U.S. high school 
seniors living in areas with high rates of perceived drug sales reported higher rates of illicit 
drug use than their counterparts living in areas without “open” (visible) neighborhood drug 
selling (4). While there may be some overlap between one’s social network and one’s 
neighborhood environment (e.g., individuals may socialize in their neighborhood), past 
evidence shows that social networks and characteristics of the neighborhood environment 
independently play an important role in shaping patterns of drug use; therefore, both causes 
should be probed as possible explanations for our findings as well as simultaneously 
exploring both true contagion and apparent contagion theories by simultaneously examining 
one’s neighborhood environment and their social network, which synergistically might have 
greater effects on heath and behavior than one singly (52).
Study Implications and Future Research
This research can be used for local targeting of drug abuse prevention interventions and in 
particular tobacco use prevention interventions. Understanding the reasons for spatial 
clustering in youth drug use indeed may not just guide the geographic locations for 
interventions, but also intervention development. As previously mentioned, spatial clustering 
in an attribute can occur due to a spatial interaction (true contagion) or due to a spatial 
reaction to a common feature (apparent contagion). For example, spatial interaction 
processes include neighborhood peer effects, which could occur when youth interact with 
other youth in their neighborhoods and this induces similar levels of health and wellbeing 
(such as tobacco use). If environmental factors, on the other hand, influence the attribute 
(e.g. tobacco use), the process would be a spatial reaction process. Disentangling these 
effects remains methodologically difficult. Future research should be conducted to evaluate 
potential sources of spatial clustering in youth drug use including in South Boston. South 
Boston is 76.3% White, but this number has been dropping in recent years. In order to 
investigate the relevance of South Boston to the presence or absence of such clustering 
would require additional data on social, behavioral, and environmental risk factors not 
collected in the survey we took our data from. To evaluate the true contagion hypothesis, 
researchers would need data on social networks (which may be difficult to obtain). An 
evaluation of apparent contagion would include examining factors such as alcohol retailers 
and crime as correlates of youth alcohol use.
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Given increased geo-computational abilities in recent years, conducting statistical tests to 
detect spatial clusters using desktop computers is now possible, and can be done relatively 
quickly. However, multiple spatial clustering methods exist, and there is little guidance as to 
which methods to use. The Local Moran’s I test is the most widely used method for 
evaluating local autocorrelation across space (11). Other popular methods include G-
statistics and spatial scan statistics such as those used here. Few studies have compared 
cluster detection methods, and those that do, e.g., (53), illustrate the need to compare and 
assess the validity of results from multiple spatial cluster detection methods, including newly 
developed methods. Future research on methodology should focus on identifying optimal 
cluster detection methods given the type and level of aggregation of available data and the 
spatial scale being analyzed. As previously mentioned, several studies have shown that 
aggregating data can negatively impact cluster detection (25, 26); and it is an axiom in 
geography that studying a phenomenon at different spatial scales often requires different 
analytical approaches.
Study Limitations
The limitations of this study should be noted. Reliance on self-report of drug use is one of 
them. We recognize that some selection bias might exist in that youth with high levels of 
drug use may not have taken the survey. It is also important to highlight that positional 
accuracy is important in spatial analysis, and errors can exist in spatial datasets, in part due 
to geocoding methods (54). The intersection addresses we obtained may also contribute to 
location misclassification. However, the effect of using intersections on location 
misclassification is likely to be minimal, since all study subjects live in an urban 
environment, which generally has a dense street network with small block sizes. Importantly, 
we found no evidence of geographic bias (55) because there were no differences by the drug 
use outcomes with regards to who provided geocodeable information and who did not. 
Results from this study might only be generalizable to low-income youths in similar urban 
locations at similar spatial scales. A limitation of using circular scanning windows is that the 
cluster may be irregularly shaped, and as such, using a circular window may miss a cluster. 
Recently, other methods have been used to improve the detection of clusters with arbitrary 
shapes. Tango and Takahashi (2005) and others (57, 58) presented a flexibly shaped spatial 
scan statistic which is used to detect arbitrarily shaped clusters by constructing scanning 
windows of irregular shapes. Finally, the survey did not have information on certain 
variables such as parental education or parental income, which could be a source of residual 
confounding.
Conclusion
Significant spatial clustering in youth tobacco use were found. These findings can be used 
for geographically targeting of drug abuse prevention interventions, which is seldom done. 
Future research should evaluate the reasons for youth drug use spatial clustering, e.g., 
whether spatial clusters of youth drug use are caused by neighborhood peer-effects and/or 
neighborhood environmental factors (e.g., alcohol and tobacco outlets, drug trafficking), and 
determine the best methods for analyzing spatial clusters.
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Spatial clustering of tobacco use cases (unadjusted).
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Spatial clustering of tobacco use cases when adjusting for age, gender, and race/ethnicity 
categories.
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Table 1
Percentage and 95% confidence interval of substance users by age, gender, and race/ethnicity for past-month 







Age ≤ 14 yrs. 15.2 (±2.0) 34.8 (±2.7) 10.9 (±1.8)
15 years 10.7 (±1.7) 32.2 (±2.6) 16.5 (±2.1)
16 years 11.1 (±1.8) 38.7 (±2.7) 21.0 (±2.3)
17 years 5.4 (±1.3) 41.6 (±2.8) 21.6 (±2.3)
18 years 14.2 (±2.0) 41.4 (±2.8) 21.0 (±2.3)
19 years 17.0 (±2.1) 49.1 (±2.8) 26.4 (±2.5)
Gender Male 15.3 (±2.0) 39.9 (±2.8) 23.2 (±2.4)
Female 10.7 (±1.7) 37.3 (±2.7) 16.7 (±2.1)
Race/
Ethnicity
White 33.9 (±2.7) 44.6 (±2.8) 27.3 (±2.5)
Black 9.9 (±1.7) 36.0 (±2.7) 19.5 (±2.3)
Hispanic 11.1 (±1.8) 45.2 (±2.8) 19.4 (±2.3)
Asian 8.2 (±1.6) 24.7 (±2.4) 8.2 (±1.6)
Other* 16.5 (±2.1) 34.9 (±2.7) 24.7 (±2.5)
*
Includes non-Hispanic youth who were bi- or multi-racial, American Indian or Alaska Native, Native Hawaiian or Other Pacific Islander, or youth 
who did not fit into any of the specified race/ethnicity categories.
Note: Based on the total number of respondents who answered the past use question for each drug. Also, we collapsed 13 and 14 years due to the 
limited the number of 13 year olds.
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Table 2







1 14 2.81 5.37 <0.05
2 6 1.66 3.71 0.97
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Table 3
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Table 4







1 9 3.47 2.63 0.11
2 89 66.25 1.42 0.36
3 31 19.26 1.65 0.75
4 10 4.62 2.19 0.92
5 9 4.24 2.15 0.99
6 23 14.64 1.60 0.99
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Table 5
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Table 6







1 10 3.34 3.09 0.65
2 91 70.24 1.48 0.86
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Table 7
Number of cases, relative risk, and significance associated with spatial clusters of marijuana when adjusting 
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